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Abstract

Applications of water environment models are greatly limited by complex internal structure of the model and time-
consuming calculations, significant computation burdens arise during the process of parameter calibration, multi-scenario
analysis, and decision-making optimization. How to integrate water environment model and big data technology, deeply

explore the potential of model application and give full play to its application value is a research hotspot. The bottlenecks
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faced by the water environment model in the process of practical application were summarized, and the potential of big
data technology in solving these problems was analyzed. Based on the existing big data technology, a framework for
the integration of water environment model and big data technology was proposed to solve the problem of large-scale
calculation, large-scale storage and application analysis of water environment model. The problems faced in the integration
of model and big data technologies were described, and specific technical ways of implementation were proposed. A case
study for calibration of SWAT model was used to demonstrate feasibility of the proposed framework. Finally, the future
research direction of water environment modeling in the context of big data was discussed, and the conclusion was pointed
out that the research on surrogate modeling of complex water environment model and on water environment simulation

and optimization framework is the future development trend.
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Hal, KK RS EUEE e,
FEHT S E 2 B T 8RS H 0%k
B, ARZEWI R I Mor ris SUBM: 2 77 5,
s 5 1) B B S H AT BUR R, I
WHEURZSEG AR5, SR o 5k
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ZEUE T7 B AR AT 7 SR ABE IR [ U
BRCERE, W TR I R T A

Morris8U M 53T & fiMorris T
19914 Y, Jim &t Bet iy — P 42 5 UK
A ATIT RN Z T R T T SR
Z Hiz R REAL, Bz v T
T E (factor fixing) FIEUEME T,
Z TR A2 VR A T S A SR A A
P2 B SUBME AN KN, FER I 2 45
A RBURR I R /INBEA THE P20, BE T e i i R
SRS TV = R = B S A Gy - A QN K £
BRI D B A, 18 TR Al A
e B R PR SR TRY (1) E Bl 2 B R, 9N
32 2% (Nash—Sutcliffe efficiency
coefficient, NSE) #% 41/F HAR R EHIT K
SCSHEURE S 3 B, AT S 1 43
BB 77 A 52 M . NSEA2 B H il A58 15
TR R R 2 — 2122 SRORBIRIG 7 25 5
T B 7 e

5.4 &R

SWAT R 2 403k £ e HYS L2 AR %
DI FRIF G e 1, 16 FH 225 S0k [24]
FEI2TZ34, ZMorrisSREEET 4224 0004,
S G B TERET AR RS, SR [H]
M E B IINSESE L, K24 000 %
L -NSEZ5 R Z0 88 i AMorrisByk, 755
HURIRHOTHET . B PEEURIREK T0.08

I8 NBEWFNZES I JBEEK. IR/
/MBS HECE NZRL (B, CH
K2FICH_NZJE T A &S5, mTEAp+
FHEANE, IS E e 24,

A ZE A P KB A B A 45 R
D225 SR (81 FH R L, DU S 40 4k B 3k
N e R R WA 2 8 asa), 3R T4
THE 2T AR, B A1 S AR A 87 5 5L
5 K37 5 ST R B KB SR, SRR
FE SO FTAE T AR TR AL 1 5, IR [FINSE
H AR SRR ; RN SE H Fr 58 %508 4] by 2
TRIR B EER, Y AR R R BRI, 1
PN — 1B BRI TR, R 2
IEEEREIZ 5L, IR B3 25 0 . TR IR E IR
FH[ 2% 23 SRR 25],

e U Ty e R g = NIl o ==
O, TR A SR A5 2R FH 2 00 EE A3 DA
T IGAeAb 25 R & BRI o 45 A RBUREE R
TR TEAR (B6NEBIIT TS , 7R
WA FE % B 560 (56 x10) YGEATH
Ao BT (a) R T HEMRIE RS, NSE
W& 3 AR AL A 8 i 2 18 G A
FRELN], NSERWR ERFRZE D EAHES.
B7 (a) th A BT 5 B B i DU Hr e b
T, BPAr] e 3% T —2H 2 BUEEBOR T I &
TR R Z AR, NSEZ & F i f
TEAE Y SRR 13X — 5o

AT HE— A E B DU SOG4 A
SWAT S E3 @ R e, AR ZH1(H H 6

1 SWAT BEIPDIRBINVBRR TS H

BHEIR I/ IME S YNIE] ZHGEN

CN2 35 98 1A 25

ALPHA_BNK 0 1 i % ol T

SOL_K 0 2 000 RIS

CH_K2 -0.01 500 S E RS R A SR
CANMX 0 100 B Rt S e

SOL_AWC 0 1 T RS R

SOL_BD 0.9 5 TR

CH_N2 0 LB =T REL
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ML Z (random search, RO) B EFHT
X T (b) AL HE, 4BOFIRSIA
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FEREIRH ARMELR, AT AR & ZF UL 5
W, B KRR AL RE SR, AT 7K
HBE Y Y5 B R P A A (B R 4 4 L B AR

o

i

W
7N

PSR o N S TEOE S V& P S e
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8 (a) Frar. BOIINSER A{E 50.89,
Vi B i AR AL A b B T AR AR
&, BTCAF T 22060 B AZ 3B o X IS
FE T FE R AR 20 x 56 02 A ALL 45 SR
T HATHE SR GE T, AR A AL 25 S AR
FEJTE, @8 (b) A, MES (b) AILA
B, EREL RS, FREE LR
IEA AT RS, BEZE 44 R R KABL AL 1Y
13 B T T UE , I e R
SHCANH AT DAL B 25 5, AT
SEOBALLEE R A . R, fESER
I, ASADL S5 SR A S 0 U

1.0 0.90 -
0.8 085 T.""" I
06 0.80
7 g
z 04 Z 075
0.70
0.2 —
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7 EPIREHREAE—
300
3%
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100 [ 1%L
O C_1 1 1 1 1 0
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(a) RHBIUE 5 SLWEXT (b) FRAIIMER S 1
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T8 ZR B 550 T 05 147 T I 00 R Sk
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FARMETY R TUA . BP0 LR TR
TR T SR = T A, R —
Fh & I8 R RF AL 356 18, R 22 5 S A R Al 45
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I, AR S ASRY [ vy Jo o . R ) 7 —
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TR . REARE AR SR R AE
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AR RS S (R R v R AR T 45
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TR AT i B S oA K R B

ARG B, KBTI AR S H )
SENL B FLE SRR B AR, FEVH Y
RGBSR R, FESWATHALI 558
R, THARAT I AR, IR IR 5 RS
PERIAT S RIC AN KB B m, 7
FHPIAE RS B AR S 2 BUF 43 AT A UL 45
Mo LRPFrE T RE AT TR A
SRR S, I SR BIIERT T /K ER B A8
5 RE R HORR S AT, & 1R
BRI Z R BRGSO I ¥ 1A 5
ISR PR EHR O TR AL

I B B A2 1R T G B 5 R R %
O I AT =T 5, RIS AR Dy il S7 1
F=IT A PAT RO EAERG AT,
GBS B R S s A S B
SRR 7 5% 52 2 T KRB 434 U6
TR E] 9 e B R A, T SRR AN ST
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BT . BB ANt , 7F it 5%
RS R, R BRSBTS AR AR #E
o A5, I UUH AR Y (K S ] A B A
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LB (fnkriging!?™, A TRHZE R 4541281
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LIBT3 it Do 8 47 (925 12000 ol L 0 PR A
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EFDC (environmental fluid dynamics
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memory, LSTM) R S I T iX—a 5551
ATCATRL, K RG4S R AR il &
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RERL K A S BB B, AR
R SHE R A v (A UURS E RN e R - 52
R, 2 B P B AR R Y B AR AR, X
WA R B SRR AT L SR E
KA S M S RIS

(2) R PREEAIOCAAE SR B R AR Y
RS SHERLASE B A it 5L A7
A AT BN B RS %, DIy LT B A
HURUN %G, 4565 BAREZE HFRIUILS
2%, TR TSR A R SR PR
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